Background Investigating variations in gene expression, which can be quantitatively measured on a genome-wide scale, is essential to understand and interpret phenotypic differences among human populations. Several previous studies have examined and compared variations in gene expression between continental populations. However, differences in gene expression variation between closely related populations have not been studied yet. Method We performed a genome-wide analysis and systematically compared expression profiles of Han Chinese with those of the Japanese population. Results We identified 768 genes (4.4% of 17 354 expressed genes) which were expressed differentially between the two populations, with 165 showing highly differential expression and enriched in genes involved in the spliceosome pathway, mRNA processing, mRNA metabolic process, RNA processing, RNA splicing and mitochondrial transport. We further identified cis-and trans-variants that regulated these differential gene expressions, and found that cis-variants shared in the two populations were centred within a range of 200 kb around transcription start site. Our analysis indicated that genetic differences in the cis-associated genes between the two populations could explain 7-43% of the identified expression divergence. Conclusions In summary, despite considerable heterogeneity, gene expression profiles between Han Chinese and Japanese did show an overall difference, with well-differentiated expressions regulated by genetic variants which have been reported associated with hematological and biochemical traits in Japanese populations. Our results supported that gene expression is regulated by genetic variants and there is a genetic basis for the phenotypic differences between Han Chinese and Japanese populations.
INTRODUCTION
One of the main focuses of human population genetics is to understand the genetic basis of variations. Although many factors, including the environment, may affect and contribute to population differences, phenotypes are largely regulated by genetic variations. Previous studies have shown that gene expression is a type of complex quantitative phenotype with variability among individuals as well as among cell types. [1] [2] [3] This 'gene expression phenotype' trait 4 also shows familiar aggregation 1 2 and simple segregation patterns in yeast, 5 suggesting an inherited contribution. Gene expression is also an important source of evolutionary change both within and among species. 6 Therefore, understanding the amount and patterns of gene expression variation is of fundamental importance in evolutionary biology. 7 About 85-95% of genetic variations in humans are due to variations among individuals within a population, while 5-15% are attributed to variations between populations. [8] [9] [10] [11] Most of the recognised genetic variations between populations are DNA polymorphisms with no known functional significance. The recent availability of genome-wide data, such as the international HapMap resource that includes millions of single nucleotide polymorphisms (SNPs) genotyped in lymphoblastoid cell lines (LCLs), and the whole genome expression studies of these LCLs have allowed the characterisation of variants that alter genomic functions, which results in population differentiation. Most studies focus on two types of functional variants: (1) variants that affect protein coding sequences (nonsynonymous variants) and (2) variants that are associated with gene expression levels such as regulatory variants, which are also referred to as expression Quantitative Trait Loci (eQTLs). These studies have given important insights on the genetic basis of gene regulation [12] [13] [14] and the mechanism of complex phenotypes. 15 16 A number of studies have reported the differences in protein-coding variants in human population. [17] [18] [19] Recently, differences in gene expression of regulatory variants among populations have gained attention. [20] [21] [22] Spielman et al 20 demonstrated that cis-acting regulators could account for some phenotypic differences between European and Asian populations. Wei et al showed that 4.5% of genes were differentially expressed between European and African populations. Furthermore, they determined the contributions of local and distant genetic variations to population differences in gene expression and found that three transcript clusters were associated with local SNPs. 22 However, only a few studies have thus far focused on determining population differences at the gene expression level between two genetically related populations, such as Han Chinese and Japanese in East Asia. In this study, we attempted to determine the differences in gene expression between the two populations using the previously published genomewide expression dataset and the dense genotyping data with about 1.2 million SNPs of identical population samples from the HapMap phase III database. 23 By analysing and comparing the genome-wide gene expression profiles and genomic variants between the two populations, we explored and evaluated the contribution of genetic variants to gene expression differences both within and between populations.
RESULTS

Identifying differentially expressed genes between CHB and JPT
We first compared all the 17 354 expressed genes between Han Chinese in Beijing (CHB) and Japanese in Tokyo (JPT), and identified 768 (4.4%) showing significant differential expression (DE) (Bonferroni-corrected t test p<0.05, p value distribution is shown in online supplementary figure S1A). Among these differently expressed genes between the two populations, 302 showed higher expression in CHB (mean expression difference between all CHB samples and JPT samples >0) and 466 showed higher expression in JPT (mean expression difference between all CHB samples and JPT samples <0). We then analysed the expression variations of the 768 DE genes by principle component analysis (PCA) and hierarchical clustering analysis ( figure 1A,B) . After these analyses, we found that some individuals could not be clearly assigned to any group (CHB and JPT) using both PCA plot and hierarchical clustering analysis. We also examined the chromosomal distributions of these 768 DE genes ( figure 1C ), but did not find over-representation or under-representation of highly differentially expressed (HDE) genes in one particular chromosome. Among the 768 DE genes, the top 20 genes with the smallest p values based on t test are shown in table 1. Next, we evaluated the contributions of genotype variation within populations and mean expression difference between populations to the total expression variation of these top 20 genes (see Materials and Methods, table 2). Evidently, the total expression variations of the top 20 genes were caused by the mean expression difference between the two populations (28-50%), while the genotype effect had limited contribution (0-14%).
We further asked whether allele frequency differences correlated with the expression differences between CHB and JPT. Since we did not find global allele frequency differences in the 768 DE genes compared with all expressed genes (see online supplementary figure S2), we applied a more stringent screening procedure and focused on the HDE genes. In addition to using t test, we added one more criterion of fold change between CHB and JPT expression profiles, which was defined as the median expression level in CHB divided by the median expression level in JPT. As a result, we identified 165 HDE genes by using the cut-off of t test p<5e−8 and fold change >1.2 or <0.8 (see online supplementary figure S1B), and the expression variations of 165 HDE genes were determined by PCA ( figure 2A ). We found that these 165 HDE genes showed significantly higher differences in allele frequency compared with all expressed genes (one tail t test p<0.05, figure 2B ). Additionally, we determined whether the differences in allele frequency of these 165 HDE genes were significantly higher than expected by chance using the following procedure: (1) we calculated the mean difference of F ST between the 165 HDE genes and 17 354 genes as 'eff_real', (2) we randomly selected 165 from 17 354 genes and calculated mean difference of F ST between these 165 genes and 17 354 genes as 'eff_random' and (3) we repeated step (2) 1000 times and obtained a distribution of 1000 'eff_random'. As shown in figure  2C , the 165 HDE genes displayed significantly higher differences in allele frequency compared with the randomly sampled genes (one side t test p<2.2e−16). Finally, we calculated the contributions of genotype variations within populations and the mean expression differences between populations to the total expression variation of these 165 HDE genes (see online supplementary table S1, figure 2D ). This revealed that the total expression variation for the highly expressed genes could be influenced more by the mean expression differences between populations than by the genotype effect within populations. 
Cis-regulation of DE gene expression with SNPs
To evaluate the genetic contributions to the observed differences in gene expression between CHB and JPT, we carried out a genome-wide eQTL analysis to identify cis-or trans-variants that regulated the 768 gene expression using the publicly available HapMap Phase III database (see Material and Methods). We tested the association between SNP variation and expression variation for each of the 768 genes independently within each population to determine the extent of association between expression phenotype differences and specific genetic differences. Within each population, we used a linear regression model to associate gene expression with integrated SNPs using gender as a covariate. To identify SNPs that potentially acted in cis, we tested the SNPs located within 1-Mb upstream or downstream of the genes. We identified 39 genes with 306 SNPs that had cis-association in CHB, and 68 genes with 648 SNPs that had cis-association in JPT, with a false discovery rate (FDR) of <10%. Among these genes with cis-association, 11 genes were found in both CHB and JPT samples. Further, we restricted our analysis to the 11 'cis' expression phenotypes, and selected one representative SNP that was most highly associated with expression in both or either population. To investigate whether the total expression variation was due to the different SNP genotype frequencies within populations or mean expression differences between populations for the same SNP genotypes, we quantified the contributions of genotype effect and mean expression difference effect (table 3) . Among the 11 phenotypes analysed, the differences in allele frequency explained 7-43% of the total variation in expression levels. Considering the high heterogeneity in gene expression data and the multiple factors affecting gene expression, we suggested that the frequency differences at the DNA sequence level could explain a relative large amount of gene expression differences between populations.
Genomic properties of Cis-eQTLs
The distribution of cis-associations relative to the transcription start site (TSS) showed that the majority of association signals were approximately centred around the TSS (see online supplementary figure S3), which was similar to those in previous reports. 23 We observed that cis-variants in both populations were centred within a range of 200 kb around TSS which we believed to be 'true' regulatory variants. The cis-SNPs shared by the two populations (red dots in online supplementary figure  S3 ) had stronger association with expression phenotype compared with population-specific cis-SNPs (bisque dots in online supplementary figure S3, p<2.2e−16 for one side t test in CHB and JPT).
EQTLs and diseases or traits
Integration of eQTL results with those of genome-wide association study (GWAS) has been proposed to be successful in understanding the biological mechanisms of some complex trait aetiology. 24 25 First, we compared our cis-SNPs with significant association with 11 phenotypes reported in the National Institute of Health's catalogue of genome-wide association studies, 26 27 which included 7951 GWAS SNPs representing 648 traits (available on 27 September 2011). SNP rs7412746 showed cis-effect on CTSS (table 3) , a melanoma-associated locus reported in a previous study (Bonferroni-corrected p value=9×10 −11 ). 28 Second, we compared our cis-SNPs associated with gene expression in CHB or JPT with the GWAS results. Among the cis-SNPs in JPT, we found that SNP rs2224391 showed cis-effect on FARS2 which was reported to be associated with human height (Bonferroni-corrected p value=3×10
) 29 and SNP rs6494537 showed cis-effect on PTPLAD1 which was reported to be associated with haematological and biochemical traits (Bonferroni-corrected p value=3×10 −9 ). 30 
DISCUSSION
Gene expression levels in individuals are largely influenced by genetic determinants. [1] [2] [3] Genetic analysis can, therefore, be used to map and identify genes and/or regulatory regions that control expression phenotypes. 4 As expected, Han Chinese (CHB) are genetically much more closely related to Japanese ( JPT) than Europeans (CEU) and Africans (YRI) (figure 3, see online supplementary table S4). However, the two East Asian populations (CHB and JPT) can still be well distinguished based on genomewide SNP data (see online supplementary figure S4) . In other words, Han Chinese and Japanese can be treated as two welldifferentiated populations in terms of genetic make-up. Since gene expression profiles, as well as phenotypes, are determined by DNA sequence information, in this study, we performed a transcriptome-wide analysis of gene expression, attempting to determine the major differences between the two populations and evaluate the genetic regulations on gene expression variation. We presented evidence for cis-regulatory effects on genes with significant DEs between CHB and JPT, as well as the genetic basis for the expression differences between the two populations. To control data quality and data preprocessing, we used 17 354 expressed genes after log 2 transformation and normalisation of the original expression data consisting of 80 CHB and 82 JPT samples. Quantitative expression profile of genes could be a consequence of environmental, genetic and technical factors 31 in addition to effects of unknown covariates, such as complex batch effects which could also influence gene expression levels. Indeed, there was a strong batch effect in the raw microarray data of CHB and JPT samples in this study (see online supplementary figure S5). Therefore, we applied the PEER Bayesian regression and factor analysis modules within each population, as described in the original study, 32 to control and correct such confounding factors. To a large degree, the batch effect was removed by the analysis (see online supplementary figure S5 ).
Considering the heterogenity in gene expression data and the above batch effect which could affect our results, we compared our dataset (hereinafter referred to as DATASET1) with another independent gene expression dataset (GEO accession number GSE6536, hereinafter referred to as DATASET2), which included 45 CHB and 45 JPT individuals from HapMap Phase II and 10 598 expressed ensemble genes after the same data preprocessing pipeline as we did to DATASET1. Totally, 10 181 common genes were shared by the two datasets (58% from DATASET1), and we found significant correspondence of population expression differences between the two datasets (Pearson correlation, cor=0.13, p<2.2×10 −16 , see online supplementary figure S6) . Therefore, the gene expression differences between Han Chinese and Japanese we identified in this study should reflect their essential characteristics, and effect of systematic artefacts, if there were, should not have significant influence on our results and conclusions.
With the identification of differential gene expressions between the Han Chinese and Japanese populations, our next focus was to determine the genetic factors regulating those gene expressions showing significant differences.
First, it was intuitive to assume that one of the potential causes for the observed gene expression differences between CHB and JPT could be the influence of copy number variation (CNV). For this, we downloaded the raw intensity data from HapMap website and called CNVs using Birdsuite V.1.5.2 software. 33 A slightly higher percentage of CNVs was observed among the 768 DE genes (4.6%) when we compared them with the whole set of expressed genes (3.5%), indicating that the majority of DE genes we identified were not within genomic regions of known CNVs. Therefore, it is unlikely, at least in our data, that CNV is a major contributor to the expression differences between Han Chinese and Japanese populations.
Second, we examined whether gene expression difference was the result of allele frequency differences between populations. To answer this question, we measured allele frequency difference (F ST values) for each gene using window-based maximum F ST strategy (see Material and Methods). However, we did not find significant differences in F ST values between the 768 DE genes and all expressed genes (see online supplementary figure S2). As described above, the expression data was noisy with unpredictable confounders, which prompted us to use p value and fold-change as two more stringent cut-offs in addition to t test (see Results). This allowed us to efficiently reveal the differently expressed effects. As a result, we screened 165 genes with high DEs and found significant differences in their allele frequencies (figure 2), which suggested that gene expression differences could be associated with genetic variants showing different allele frequencies between populations. Indeed, previous studies reported some phenotypic differences between Chinese and Japanese populations. For example, at the AP/Lat spine, trochanter, intertrochanter, Ward's triangle and BMD (bone mineral density), the reference curves for Chinese women were lower than those for Japanese women, while at the femoral neck, total hip, and ultradistal forearm, the reference curves for Chinese women were higher than those for Japanese women. 34 There was also a study reporting that Japanese have thinner central corneas than Chinese. 35 Additionally, Chinese extensive metabolisers showed a significantly lower excretion of α-hydroxymetoprolol and 4-hydroxymephenytoin than that of Japanese extensive metabolisers. 36 Therefore, it is reasonable for us to assume that there is internal correspondence between the difference of intermediate phenotype, such as gene expression at RNA level and that of the final phenotype.
Third, based on the above results, we attempted to identify local (cis) and distant (trans) variants with the HDE genes. We were also interested in determining the extent of gene expression regulation by cis-or trans-variants. Therefore, we evaluated genetic contributions to the observed expression differences between CHB and JPT. We carried out a genome-wide eQTL analysis to identify the local (cis) and distant (trans) variants that regulated the 768 DE gene expression differences. Thirty-nine genes with 306 cis-regulatory SNPs were detected in CHB and 68 genes with 648 cis-regulatory SNPs were detected in JPT. Among these genes, 11 genes with 144 cis-regulatory SNPs were found in both CHB and JPT samples. In these 11 cis-associated genes, we quantified the contributions of genotype variation within populations and mean expression difference effect between populations (table 3) . The results showed that the differences in allele frequency (genotype variation within populations) accounted for 7-43% of the total expression variation. This indicated that common genetic variants contributed to a substantial fraction of the expression difference, although some non-genetic factors could also influence the observed population differences in gene expression.
The purpose of this study was to identify population different gene expression profiles, and the ultimate aim was to establish the relationship between genotype and phenotype. Although our interest was focusing on genetics, we realised that nongenetic factors, such as environmental and epigenetic factors, could also influence gene expression pattern and final phenotype of populations. It was reported by previous studies that the different environments that humans experience are likely to impact physiology and disease susceptibility. [37] [38] [39] [40] For example, through comparing gene expression differentiation in peripheral blood leukocyte samples from three Moroccan Amazigh groups leading three distinct ways of life, one group compared gene expression differentiation of the regional population differences, and speculated that environmental factors, such as nutrition, history of immune exposure and psychological stress could contribute to the expression divergence between regional populations. 41 Epigenetic changes are heritable in a short term, but do not involve mutations of the DNA itself, and epigenetic mechanisms seem to allow an organism to respond to the environment through changes in gene expression. Chinese and Japanese both live in East Asia and an approximately similar macroenvironment, while there are still quite a lot of differences in lifestyles between Chinese and Japanese populations, such as living styles, dietary habit, air pollution and so on. Therefore, it is no doubt that our eQTL and gene association results should be treated as candidate targets for future functional studies.
Consistent with previous eQTL studies, 23 we observed a symmetric distribution of cis-SNPs around the TSS in both CHB and JPT populations (see online supplementary figure S3) , with stronger signals around the TSS. This could be due to the limitations in statistical power with longer distance of SNPs to TSS and smaller association effects. However, these patterns might suggest a possible regulatory mechanism of long-distance enhancers. Interestingly, the shared cis-SNPs in the two populations (red dots in online supplementary figure S3 ) had stronger association with expression profiles compared with population- specific cis-SNPs (bisque dots in online supplementary figure S3, p<2.2e−16 for one side t test in CHB and JPT), indicating that these shared cis-SNPs could regulate expression differences between Han Chinese and Japanese populations. Finally, it is reasonable to assume that many GWAS signals are associated with eQTLs, 42 and these eQTLs in turn can be associated with complex traits or diseases. Indeed, among the eQTLs identified only in Japanese population, SNP rs6494537 associated with PTPLAD1 is a haematological and biochemical trait locus reported in the Japanese population, 30 while SNP rs2224391 associated with FARS2 is a 'height' trait locus reported in non-Eastern Asian populations. 29 Interestingly, among the eQTLs identified in both Han Chinese and Japanese populations, we found that SNP rs7112746 that was associated with CTSS is a melanoma-associated locus, although it was reported in non-Eastern Asian populations. 28 In summary, we have provided the first comparative study of gene expression profiles between two genetically close-related populations in East Asia, that is, Han Chinese and Japanese. We demonstrated the existence of differences in quantitative gene expression even between genetically close populations, and our results showed that the well-differentiated expressions were enriched in several functional categories, such as the spliceosome pathway, mRNA processing, mRNA metabolic process, RNA processing, RNA splicing and mitochondrial transport. Some well-differentiated expressions were regulated by genetic variants, one of which had been reported associated with hematological and biochemical traits in Japanese populations. Our results are consistent with the fact that gene expression is regulated by genetic variants, while non-genetic parameters, such as environmental and epigenetic factors could also contribute to variation in gene expression. More efforts should be made in future studies to systematically investigate the interaction between genes and environment.
MATERIALS AND METHODS Expression dataset preprocessing
We downloaded an expression dataset consisting of eight global populations from Array Express database (http://www.ebi.ac.uk/ arrayexpress/, Series Accession Number E-MTAB-264). The dataset was generated using Illumina's commercial whole genome expression array, Sentrix Human-6 Expression BeadChip V.2 23 and the data of 80 CHB samples (Han Chinese from Beijing, China) and 82 JPT samples ( Japanese in Tokyo, Japan) were used in this study. These arrays contained 47 294 transcripts that were normalised on a log 2 scale based on a quantile normalisation method using the hybridisation intensity values of replicates from an individual. This was followed by a median normalisation method across all individuals in the two populations. Probe sets of 17 354 expressed genes were defined based on Ensembl genes (Ensembl V.63). A latent variable analysis was then employed for both populations to correct the expression data for both known and unknown factors that could influence the detection or measurement of gene expression in this dataset. 32 Genotype data for the HapMap samples Single nucleotide polymorphisms (SNPs) data of the same 162 CHB and JPT samples obtained from HapMap Phase III (Release V.2) were used in association analyses. In each of the populations, only the polymorphic SNPs on 22 autosomes and X chromosome with less than 20% missing genotypes were included. Finally, a total of 1 188 967 SNPs in CHB and 1 160 520 SNPs in JPT were used for downstream analyses.
Identification of Cis-and Trans-variants that regulate gene expression difference
The expression quantitative-trait loci (eQTLs) were determined using a linear regression model, where gene expression was associated with SNPs using gender as a covariate within each population. A gene was defined as cis-associated if its gene expression was associated with a SNP within 1 Mb upstream or downstream of the gene boundaries on the same chromosome. While a gene was defined as trans-associated if its gene expression was associated with a SNP on a different chromosome or more than 1 Mb away from the gene boundaries on the same chromosome. We performed this analysis using the R package 'MatrixEQTL' which is available on http://cran.r-project.org/ web/packages/MatrixEQTL/index.html.
'MatrixeQTL' was designed for fast eQTL analysis on large datasets and it can test for association between genotype and gene expression using linear regression with either additive or ANOVA genotype effects. The models can include covariates to account for factors as population stratification, gender and clinical variables. It also supports analysis with FDR estimation and separate treatment of local (cis) and distant (trans) eQTLs. In our study, we used linear regression to associate gene expression and genotype, taking gender information as a covariate.
Partition of the genetic and non-genetic contributions to total expression variation
For each expression phenotype, one representative SNP was selected to be the most highly associated with expression in both or either of the populations. To investigate whether the mean differences between populations were due to different SNP genotype frequencies or different mean expression levels of the same SNP genotypes, we used nested linear models to partition the overall expression variations sequentially into three components: (1) the effect of genotype variation within populations, allowing for population differences in genotype frequencies, (2) the effect of mean expression differences between populations with the same genotype and (3) additional variation caused by deviations from genetic additive effect (dominance). Contributions of these components were represented by the fraction R 2 of the total sum of squares.
Functional analysis
Functional analysis of genes was conducted using GO and KEGG annotation according to Bonferroni-corrected hypergeometric test and a p value cut-off ( p<0.05). 43 44 The Ensembl gene-GO annotation was downloaded from the Ensembl database and Ensembl gene-KEGG annotation from the KEGG database.
F ST Values
F ST , which is commonly used to measure genetic differences within or between populations, was estimated according to Wright's approximate formula. 45 For each SNP, F ST value was calculated using allele frequencies estimated from unrelated individuals in each population. To measure allele frequency difference for each gene, we used a 1-Mb window-based maximum F ST strategy to average F ST variations across the genome. We partitioned the gene region into multiple windows according to the length of the gene. For short genes less than 1 Mb, a single window was chosen from the centre of the gene symmetrical in both 5 0 and 3 0 flanking ends to ensure that the window length was 1 Mb. The maximum F ST among all the SNPs in this window was then selected to represent the allele frequency difference of the gene.
For genes larger than 1 Mb, the gene region was partitioned into multiple non-overlapping windows according to their length. For example, if the gene length was 2.4 Mb (or from 2 to 2.4 Mb), we partitioned the gene region into two windows with 1 and 1.4 Mb (or from 1 to 1.4 Mb) each and if the gene length was 2.5 Mb (or from 2.5 to 3 Mb), we partitioned the gene region into three windows, two with 1 Mb each and one with 0.5 Mb (or from 0.5 to 1 Mb). For each window, we assigned a maximum F ST value to denote the allele frequency difference of the window. We then selected multiple windowbased F ST values to measure the allele frequency difference of the gene.
